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ABSTRACT

In a previous report , a comparative study of ~tati~ t i ca1
cloud classification techn iques for discrimi nating scanning
radiometer visible and infra red tropical cloud data was de—
scribe ~I. The pres ent report expl ores the effects on clas si-
fication performan ce of  changes in the satellite , the loca-
tion and time of observa tions , the sample window si ze , and
the testing procedure (i.e . ,  testing on a data set differen
from the design set).
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1 . int rodu ç~~çp~.

In a previous report 11], a co fllp dr ativ e study of statis-

tical cloud classification techniques for discriminating

scanning radiometer visi ble and infrared tropical cloud data

was describe d. The study was primarily concerned with

determination of the optimal design paramet ers for auto riatic

cloud classification systems for discrimination of four

basic cloud classes designated as “low ” , “mix ” , “cirrus ” ,

an d “ cumulonimbus ” . The major conclusions of the study may

be briefly summarized as follows :

1) Optimal feature combinations for cloud classifica-

tion should include both visual and Infrared spec-

tral features and exclude textural features.

2) Multi - stage decision tree logic is not signifi-

cantly more effective than single -sta ge decision

tre e logic for the four-class problem.

3) Classification accuracy can be Improved by design-

Ing discriminant functions which assume

une qual covariance matrices and unequal a priori

probabilities.

This report expl ores the effects on classification re-

su i ts o f c h an gi n g var i ous fac tors ex ternal to the p a ttern

recogn ition system. These factors include:
Wi ~e !3C~M

1) change in sate llite ~~~~~ fl

2) change In locat ion and time of observat ion of

s a t e l l i t e  data
~~~ ~~~~ 

L A L ~T~



3) change In testing procedure , I.e. , testing on a

data set different from the design set

4) change In sample window size

A limited number of experiments were performed to assess the

Importance of changes in the above factors on cloud

classification results .

The digitized satellite data for the study in the pre-

vious report was obtained from analo g -to -digital conve rsion

of scanning radiometer signals from NOAA- 1 whereas the data

sets used for the study in this report resulted from pro-

cess ing scanning radiometer signals from SMS-l . The infra-

red and visible data from the NOAA -l scanning radiometers

h ave th e same resolu ti on an d s pec tra l c h arac ter i s ti cs as

the data from the SMS-l scanning radiometers. The SMS -l

v isible channel sensors respond to energy in the 0.55- to

0.75- urn range; the NOAA-l visible channel sensors respond

to energy in the 0.52- to 0.72- urn range. The SMS-1 infra-

red channel is sensitive to energy In the 10.5- to 12.6- urn

ran ge; the NOAA -l infrared channel to energy in the 10.5-

to 12.5- urn range. Resolution at the satellite subpoint for

SMS-1 infrared channels is approximately 2x4 n.mi. ard for

NOAA - l Infrared channels approximately 4n.mI. Orbital

alt i tudes of th e two sa telli tes , h owever , and range of

possible values of the raw ingest data differ. SMS-l orbits

at geostationar y altitud e (approximately 36,000 km). NOAA -1

was a polar—orbitin g, sun-sync hronous satellite located at

an altitude of approximately 790 n .mi . NOAA -l vis ible data



(

ranges from 0 (black) to 255 (white) ;SMS-1 visible data from

O to 63. NOAA- l infrared data ranges from 160.0 (white) to

330.0 (black) degrees Kelvin which was re-scaled by a shift

of -160 for the experiments in this report. SMS-l infrared

data ranges from 0 (warm end of temperature scale) to 255

(cold end) calibrated counts.

The location and time of observation of the NOAA-l

data set and the SMS-l data sets diffe r. The NOAA -i data

set was selected from digitized data which resulted from

signals received on May 3 , 1971 as the spacecraft passed

over the tropical eastern Pacific Ocean west and south of

Baja Ca l ifornia * The SMS-l data sets were selected from

digitized data from an SMS-l orbit of Januar y 9, 1975. The

lat itude l imits for the SMS-1 des ign set were 35°N to 35°S

and the longitude limits were l25°W to 25°W.

Both a design set and a test set were selected from

the SMS-l orbit of Januar y 9, 1975. MaxImum likelihood

classifiers were designed using the design set and tested

on both the design set and the test set. A desc ription of

the SMS-l data sets and an analysis of the classification

results are presented in this report.

Two window sizes -- a small window size of 64x32 pixels

an d a large window size of 64x64 pixels -- were considered

for samples in the test set. Since the digitized data con-

sisted of 64x64 registered , paired arrays of SMS-l visible

*Le tjtude limits for the NOAA- l data set were 26.7°N to
1. 10 5 .



2x2 n .m i. data and SMS-l infrared 2x4 n.mI . data spaced at

50 intervals longitudinally and 2~-° intervals latitudinally,

the maximum window size for which both vis ible and infra-

red features could be extracted from the same geographical

reg ion was 64x32 pixels. Cloud -truth classification and

consequentl y a priori probabilities of cloud classes changed

significantly when the window size was Increased. Compari-

son of class ifi ca ti on resul ts for small an d la rg e w i n dow

sizes enables one to evaluate the Importance of factors

such as compatibility of window size between design and

test sets.



2. Descri p tion of SMS-l Data Sets and Cloud T r u t h
Analysis

The SMS-1 data sets which were used to evaluate pattern

recognition systems in the p revi ous rep ort ~ier~ s~~1~~i.t~ d

from digital V ISSR (Visible and Infrared Spin Scan Radio-

meter) data obtained from SMS-l on January 9 , 1975 at

1630 z. The unmapped SMS-l visible and infrared source

images corresponding to the digital data are shown in

Figures 1 and 2 . respectively. For each of the SMS -l

data sets , digital samples of cloud data were extracted

from raw digital V ISSR image tapes prepared by NESS

(National Environmental Satellite Service) for measuring

low-level cloud motion vectors.

The V ISSR image tapes for January 9, 1975 (at times

1600 z and 1630 z) consisted of 64x64 registered , paired

arrays centered at fixed geographical locations (specified

on the image tapes) ranging from 35° N to 35°S latitude and

f r om l25 °W to 25°W longitude (approximately 50° of longi-

tude on each side of the sub — satellite point). The arrays

are spaced at 5° intervals longitudinally and 2~-° lat itu-

dinally in an “offset” fashion over oceanic areas only.

The resolution for the visible arrays is approximately

2x2 n.mi . and the resolution for the infrared arrays is

approximately 2x4 n.m i . At the subsate ll ite po int , the

areal dimension of a 64x64 array of Infrared data is

approximately 104 n .mi. by 238 n.mi . and the area l

dimension of a 64x64 array of visible data Is approximately

104 n.m i . by 119 n.rn l .



As a result of the differences in areal coverage , in-

frared and /or visible arrays had to be preprocessed in

order to obtain both infrared and visible features for the

same geographical sample area. Since visible data was

not available for any region larger than 104 n.mi. by

119 n.mi. (at the sub -s atellite point) around each fixed

geographical location , only the central 64x32 pixels of

the corres ponding infrared array could be used. It seemed

desirable to maintain the same scale (or resolution) for

calculation of visible and infrared textural features and

for output of visible and infra red sample data. This meant

that visible arrays had to be averaged in the vertical

direction (i.e., the elements in ever y two consecutive rows

were averaged together) to form a corresponding 64x32

visible array with approximately 2x4 n.mi. resolution.

The convers i on of th e VISSR raw scanner s ig na l s i nto

the raw VISSR digital data is described by Herkert et al .

[2 ]. The visible channel sensors respond to energy in the

0.55 to 0.75 urn wavelength region which is converted into

brightness values ranging from 0 (dark) to 63 (whIte) . The

i nfra red channe ’~ sensors pass scene radiation in the 10.5-

to 12.6- urn wavelength region which is converted Into call -

bra ted counts ranging from 0 (dark) to 255 (white). Corres-

pon di ng temperature values (degrees Kelv i n) for i nfrare d

coun ts occurring In sample arrays are given in Table 1 .

No te from Table 1 that the temperature value decreases

as i nfrare d coun t i ncreases.



The meteorological classificati on for the sam pl e

arrays In Data Sets II and III was constructed from a

meteorological descri ption of cloud types for the SMS -l

orbit of January 1 , 1975 , 1630 z. Two meteorologists , fur-

nished with visible and infra red pictures of the satellite

data for times 1630 z and 1600 z (shown in Figures 1 - 4 ) ,

prepared a color -encoded clou d type descri pti on which is

reproduced in Figure 5. Five cloud categories were

distinguished:

1) low clou d s

2) mI ddl e clouds

3) c irrus unmixed wi th other clouds

4) cirrus mixed with low and/or middle clouds

5) cumu lon i mb us an d de nse c i rrus

Both cumu lonimbus type clouds and the cirrus they produced

were Included in the last category . As the cirrus was

carried away from its source and became thinner (revealing

lower clo ud s), the classification was changed from category

~ to category 4. For the meteorological classificatio n of

sample data arrays In Tables 2 and 3, categories 1 and

2 (low an d middle clouds , respectively) were combined into

a “low ” class. A sample data array was classified as

“c i rrus ” only if the entire sample area fell w ithin the

outline of a category 3 (cirrus unmixed with other clouds)

reg ion. If any portion of a sample area overlapped a

ca tegory 5 region , the sam ple was classi fied as “cumu lonim-



bus ” . All other samples were classified as “mix ” .

The cloud -type classification and location of the

sample arrays comprising the SMS-l design set (Data Set II)

are given in Table 2. The design samples were chosen to

maximize the geographi cal coverage for samples within each

cloud class while minimizing any uncertainty as to cloud -

type classification due to manual misregistration of sample

border and color -encoded category border. Using the geo-

graphIc overlay of Figure 6 In conjunction with the

meteorological color -encoded cloud-type description of

Figure 5, an attempt was made to locate for each 2~-° in-

terva l of latitude between 35°N and 35°S one sample of “low ”

cloud type , one sam p le of “mix ” cloud type , one sample of

“ ci rrus ” cloud type , an d on e sam p le of “cumu lonimbus ” cloud

type. “Cumu lon i m b us ” sam p les and “cirrus ” samples did not

occur at every possible latitude within the given range.

Only four sam pl es of “c i rrus ” cloud could be found over

oceanic regions between 35°N and 35°S latitude. In order

to increase the number of cirrus samples within the design

set , four “ci rrus ” data samples (Sample Numbers 78-81 in

Table 2) were extracted from digita l SMS— l data for

Feb ruar y 26, 1975, 2200 z, making a total of eight “c i rrus ”

sam ples . The total numbe r of design samples which were

obtained by the above select ion procedure was 81, dIstri-

bu ted acco rding to class as follows:



1) “low ” class — 29 samples

2) “ mix ” class - 29 s a m p l e s

3) “ cirrus ” class — 8 samples

4) “ cumu lonimbus ” class - 15 samples

The samples in the test sets (Data Set III , large

window size and small wind ow size) consisted of all sample

areas on the image tapes between the latitude limits of

l2.5 °N and 2.5°S. The location and classification for

samples in the test sets is given in Table 3. For these

samples , meteor ological cloud -type classification was

critically dependent on p recise registration of sample

boundar ies  w i t h  co lo r -encoded  c l o u d - t y p e  b o u n d a r i e s .  The

pict orial output of the original sample windows wa s

also examined by a meteorologist to v i r i f y  t h e

cloud -type classificatio ns for samples in Data Set I II

(larg*~ ;:indows). When the windo w size changed from large

to s,’~ ll , the cloud-type classi fication of 16 of the 107

test samples changed. The classi fication of the two “cirrus ”

samp~~s in Data Set III (small window size) changed to

“cumulon imbus ” and “mix ” , respectivel y, for the large

window size. The class frequencies for sam ples in Data

Set III (small window size) were :

1) “low ” class - 55 sam ples

2) “mix ” class - 26 samples

3) “cI r rus ” class — 2 samples

4) “ cum u l on lmbus ” class - 24 samples

The class frequencies for samples in Data set III (large



window size) were :

1) “low ” c l ass - 44 sam p les

2) “mix ” class - 30 sam pl es

3) “c i rrus ” class - 0 samples

4) “cu m u l onIm bus ” class - 33 samples
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3. Ana lysis of Maximum Likelihoo d Classification of
SMS-l Da ta Sets

A well -designed pattern recognition system should not

be sensitive to minor variations in satellite sensor sys-

tems , satellite subpoint , or time of satellite orb it. The

experiments in Table 4 were des igned to determine the

effect of the above factors on classificatio n resu lts. The

pattern recognition systems which yielded the highest per-

centage of correctly classified NOAA -l data samples describ-

ed in [lJ were desi gned and tested on SMS-l Data Set II.

Those experiments in Table 33 of [1] using maximum likelihood

single-level classification with combinat ions of five

features for which classification success was greater than

85% were repeated using SMS-l Data Set 11. A ll experiments

in Table 35 of [1] using maximum likelihood s i ngle - l eve l class i-

fication with combinations of seven features were repeated.

In addition , the most successful experime nt of Table 36 of [1]

using maximum likelihood two-level classification for

selected combinations of seven features (including quadrant

features at the second stage to separate “low ” and “mix ”

sam ples) was repeated for the SMS-1 data set. Several ex-

periments for the three -class problem (“low ” , “cirrus ” , and

“cumulonimbus ”) were also repea ted .

There was no significant change in the classification

results of Table 4 on SMS-l data and the correspondin g

resul ts on NOAA -l data. The class ification results for

: NOAA-l max imum likelihood five-featu re , s ingle-level



classification in Table 33 of [1] c o r r e s p o n d i n g  to Exper i -

ments  1-5 of Tab le  4 ranged f rom 86.0% to 88.1%. The St~1S - l

classification results for Experiments 1-5 (Tab le  4 )

ranged from 81.4% to 88.9%. For Table 35 of [1] ,  UOAA -l c l a s s i -

fication results ranged from 87.2% to 89.7% and correspond-

ing SMS-l classification results (Table 4) ranged from

85.2% to 88.9%. For Table 36 of [1], Exper iment  1 , UOAA -1

classification accuracy was 91.4% and the corres ponding

SMS-l classification accuracy (Experiment 9, Table 4)

was 85.2%. This indicated that, although classification

accuracy may be improved when testing on a particular data

set by Increasing the design complexit y of a pattern recog-

nit lon system , the same improvement in classification

accuracy may not be evid enced when the system is tested

under a variety of conditions. Classification results for

the three-class problem (separation of “low ” , “ci rrus ” ,

an d “cumu lon i m bus ”) in Experiments 10— 16 of Table 4

ranged from 88.5% to 90.3% for single -feature combinations

(Experiments 13 and 14), from 90.4% to 94.2% for two-

fea ture comb i na ti ons (Exper iments 10, 11 , an d 15) an d were

96.2% for the five-feature combinations (Experiments 12

an d 16). Classi fIcation results for the NOAA -l experi-

men ts corresponding to the SMS-l Experiments 10-16 of

Ta ble 4 ranged from 98.1% to 98.7%. Confusion matrices

for the experime nts in Table 4 can be found In the

Appendix to this report.



The optimistic bias of classification results obtained

by designing and testing on the same data set was assess ed

by conducting a limited number of experiments using SMS-1

Data Set I I  as a design set and SMS-l Data Set III (small

window size) as a test set . The results of these experi-

ments are presented in Table 5 . The most successful

experiments of Table 4 for the four-class problems (Ex-

periments 3 , 7, and 8) were repeated using SMS-l Data Set

III (small window size) as a test set. The classification

results ranged from 77.6% to 81.3% , contrasted with

classification results for the same experiments usIng the

method of resubstitution (testing on the design set) of

86.4% to 89.7% for the NOAA- 1 data set and 88.9% for SMS-l

Data Set II. This decrease of approximately 5 to 10% in

classification accuracy did not occur for the well—defined

three-cla ss problem. In fact, classification results im-

proved slightly from 96.2% (ExperIment 16 , Table 4) to

96.3% (Experiment 4, Table 5) when the test set was diff-

erent from the design set. For the well-se parated classes

of the three-class problems , classification accurac y was

not seriously affected by change in either design para-

meters of the pattern recognition system or factors such

as change in testing procedure , sa te ll it e sensors , etc.

It can be seen from the confusion matrices presen-

ted in the Appendix that the ma jor misclassification

errors in Tables 4 and 5 resulted from “low ” , “c i rrus ”,



or “ cumulonimbus ” samples falling Into the “mix ” class.

The problem was particularly acute for “cumu loni mbus ”

samples. When the window size was increased from 64x32

pixels (small window size) to 64x64 pixels (large window

size), the problem of distinguishing a “cumulonimbus ”

sample with only a small portion of cum ulonimbus-type

cloud within the sample from a “mix ” sample was ma gnified.

Looking at Table 6 (Experiments 2 and 3 or Experiments

5 and 6), one can note the decrease in percentage of

“cumu l on i m bus ” samples correctly classified when the window

size was increased (see also confusion matrices for Table

6 in the Appendix). As the window size was increased , the

proportion of “cumulon i mbus ” samples in the test set was

increased. The “a priori” probability of “cumu l onimbus ”

samples for the design set was .19 , and for the test set

(large w indow size) .31 .

Classification resul ts for experiments in Table 6

can also be compared with the classification results of the

cluster edge strength model described in another report [3].

Both the experiments in Table 6 and the cluster edge

strength model use only infrar ed data. The most successful

classification results of the experiments in Table 6

were 87.7% when testing on the design set and 77.6% when

testing on SMS-l Data Set III (small window size). In

order to Im p rove th ese classIf i ca ti on resul ts, Ima ge seg-

men tati on an d scene anal ysis techn iques (described



in [ 3 ] )  were i nvestigated. The fou~~-c 1a ss p ro b l e m  was

reduced to the three -class problem of identifying “low ”

cloud segments , “ c i rrus ” cloud segments , and “cumu l on i m bus ”

cloud segments . The final classification results of the

cluste r edge strength decision procedure (described

in 13] on SMS-l Data Set III (large window size) were

95.3% compared to results in the 70% and 80% range in

Ta bles 4-6.
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FIgure 4. SMS-l 2x4-m ll e resolution infr ared
picture, 1600 z, January 9, 1975.
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Infrared Reading Temperature (Degrees Kelvi d

50 304.99
51 3 0 4 . 5 8
52 303.77
53 303 .36
54 302 .94
5 5 3 0 2 . 5 3
56 3 0 2 . 1 2
57 301 .7u
57 3 0 1 . 2 8
58 30 1 .87
59 3 0 1 . 4 5
60 300 .02
61 299 .68
6 2 2 9 9 . 1 8
62 2 9 8 . 7 5
63 2 9 8 . 3 2
64 297 .39
65 2 9 7 . 4 6
66 2 9 7 . 0 3
67 2 9 6 . 6 0
68 2 9 6 . 1 6
69 2 9 5 . 7 3
69 2 9 5 . 2 9
70 2 9 4 . 8 5
71 2 9 4 . 4 1
7 2 2 9 3 . 9 7
73 2 9 3 . 5 2
74 2 9 3 . 0 7
7 5 2 9 2 . 6 3
76 2 9 2 . 1 8
77 2 9 1 . 7 2
77 2 9 1 . 2 7
78 290 .82
79 290 .36
80 289 .91
81 2 8 9 . 4 4
82 288 .98
83 288 .51
84 288 .15
85 287 .58
86 2 8 7 . 1 1
87 2 8 6 . 6 3
88 2 8 6 . 1 6
89 285.68
90 285.20
91 284.72
92 284.24
92 283.76
93 283.27

Ta ble 1 . CalIbration Table for SMS-1 Infrared Data.



Infrare d Rea di ng Tem pera ture (De g rees Kelv i n)

94 282.78
95 282.29
96 281.79
97 281.30
98 280.80
99 280.30
100 279.79
101 279.29
102 278.78
103 278.27
104 277.75
106 277.24
107 276.72
108 276.20
109 275.67
110 275.15
11 1 274.62
112 274.08
113 273.55
114 273.01
115 272.47
116 271.92
117 271 .38
118 270.82
119 270.27
121 269.71
122 269.15
123 268.59
124 268.12
125 267.45
126 266.87
127 266.30
129 265.71
131 264.54
132 263.95
133 263.35
135 262.75
136 262.14
137 261.53
138 260.92
139 2o0.30
141 259.68
142 259.05
143 258.42
144 257.78
146 257.14
147 256.49
148 255.84
150 255.18
151 254.12
152 253.85

Table i (cont’d)



Infrared Rea ding lemp erature (Degrees Kelv ~j~J

154 253.18
155 252.50
156 251.81
158 251.12
159 251.42
161 249.72
162 249.01
163 248.29
165 247 .57
166 246.84

• 168 246.10
169 245.35
171 244.61
172 243.85
174 243.08
175 242.30
176 241.52
177 240.72
178 239.92
179 239.11
180 238.29
181 237.45
181 236.61
182 236.76
183 234.90
184 234.02
185 233.14
186 232.24
187 231.32
188 230.40
189 229.46
189 228.51
190 227.54
191 226.56
192 225.56
193 224.54
194 223.51
196 222.46
197 221.38
198 220.29
199 219.18
200 218.04
201 216.88
202 215.64
204 214.48
205 213.24
206 211.97
207 210.67
209 209.33
210 207.96
211 206.54
213 205.88

Ta ”ie 1 (cont’d)



In frared Reading Temperature (Degrees Ke lvin )

0 214 203.68
216 202.03
218 200.42
219 198.76
221 197.02
223 195.22
225 193.33
227 191.36
229 189.28

‘3

Ta bl e 1 (cont’d)



Sam ple Geographical Location Cloud Type
Number La titude , Lon gitude Classification

1 35N , 55W Mix
2 35N , 30W Low
3 32.5N , 62.5W Mix
4 32.5N , 32.5W Low
5 30N , 70.0W Mix
6 30N , 40.0W Lo w
7 30N , 25W Cb
8 27.5N , 122.5W L ow
9 27.5N , 67.5W Mix

1 0 27.5N , 57.5W C i
11 27 N , 47.5W Cb
12 25N , 12 0.0W Low
13 25N , 40W Cb
14 25N , 35W Mix
15 22.5N , 1 17.5W Low
16 22.5N , 112 .5W Mix
17 22.514 , 42.5W Cb
18 20N , 110W Mix
19 20N , 95W Lo w
20 20N , 45W C b
21 17.5N , 1 1 7 . 5 W  Low
22 17.5N , 107.5W C b
23 17.5 14, 27.5W M ix
24 15N , 125W Mix
25 15N , 110W Cb
26 1514, 60W Low
27 12.5N , 112 .5W Cb
28 12.511 , 92.5W Low
29 12.5N , 67.5W Mix
30 iON , 120W C b
31 10N , 95W Low
32 lON , 45W Mix
33 iON , 30W Ci
34 7.5N , 97.5W Low
35 7.5N , 57.5W Mix
36 7.5N , 37.5W Cb
37. 5N , 100W Low
38 5N , 45W Cb
39 5N , 35W Mix

• 40 2.5N , 102.5W Low
41 2.5N , 42.5W MIx
42 2.5N , 32.5W Cb
43 0, 115W C i
44 0, 105W Low
45 0, 45W M i x
46 2.5S , 97.5W Low
47 2.5S , 32.5W MIx
48 5S , lOW Low
49 5S, 35W Mi x

Table 2. Class ification and Location of Data Samples for
SIIS-l Design Set (Data Set II.). Geo graphica l
locat ion Is specified for all saii~p1es extracted
from SPIS-1 digitized data for Januar y 9, 1975 ,
16~~~~



Sample Geo graphical Locat Ion Cloud Type
Number Latitude , Longitude Cla ssification

50 7.5S , 112.5W Low
51 7.5S , 102.5W Mix
52 lOS , 115W Low
53 lOS , 100W Mix
54 l2.5S , 102.5W Mix
55 12.5S , 87.5W Low
56 15S , 90W Low
57 15S, 35W Mix
58 l7.5S , 92.5W Low
59 l7 .5S , 32.5W Mix
60 20S , 90W Low
61 20S , 75W Mix
62 22.5S , 87.5W Low
63 22.5S , 77.5W Mix
64 25S , 110W Mix
65 25S , 100W Low
66 25S , 45W Cb
67 27.5S, 82.5W Low
68 27 .5S , 42.5W Cb
69 27 .5S , 37.5W Mix
70 30S , 125W Mix
71 30S , 90W Low
72 305, 25W Cb
73 32.5S , 77 . 5W Lo w
74 32.5S , 32 .5W M i x
75 35S , 110W Mix
76 35S , 100W Low
77 35S , SOW Ci
78* Ci
79* . Ci
80* Ci
81* Ci

*Data sample from SMS-l dig itized data for February 26 , 1976 ,
2000 z.

Ta b le 2. (cont ’d)



Sample Geographical Location Cloud Type Classification
Number Latitude , Longitude Large Windows 11 W i n d o w s

1 12.5N , 122 .5W Cb Cb
2 12.5N , 117.5W Cb Cb
3 12.5N , 112 .5W Cb Cb
4 12.5N , 107.5W Mix Mix
5 l2.5N , 102.5W Low Low
6 l2.5N , 97.5W Low Low
7 l2.5N , 92.5W Low Low
8 12.5N , 82.5W Mix Mix
9 12.SN , 77.5W Mix Mix

10 12.5N , 67.5W Mix r’lix
11 12.5N , 62.5W Mix Mix
12 12 .5N , 57.5W Low Low
13 12.5N , 52.5W Low Low
14 12.SN , 47.5W Low Low
15 12.5 14, 42.5W Mix Mix
16 12.5N , 37.5W Cb Cb
17 l2.5N , 32.5W Cb Cb
18 12.5N , 27.5W Cb Cb
19 iON , 125W Cb Cb
20 lON , 120W Cb Cb
21 iON , 115W Cb Gb
22 iON , 110W Cb Low
23 lON , 105W Low Low
24 ION , 100W Low Low
25 1014, 95W Low Low
26 iON , 90W Low Low
27 iON , 80W Mix Mix
28 iON , 60W Mix Mix
29 iON , 55W Mix Low
30 iON , 50W Mix Mix
31 iON , 45W Mix Mix
32 lON , 40W Cb Cb
33 iON , 35W Cb Cb
34 iON , 30W Cb Ci
35 iON , 25W Mix Mix
36 7.5N , 122 .5W Cb Cb
37 7.5N , 117 .5W Mix Mix
38 7.5N , 112.5W Mix Mix
39 7.5N , 107.5W Mix Mix
40 7.5N , 102.5W Low Low
41 7.514, 97.5W Low Low
42 7.5N , 92.5W Low Low
4 3 7.5N , 87.5W Cb Mix
44 7.5N , 82.5W Cb Low

Table 3 Classification and Location of Data Samples for SMS-l
Test Set (Data Set III Large Size and Small Size
Windows). Geographical location is specified for
sam ples from SMS-i digit ized data for January 9, 1975 ,
1630 z.



Sample Geograph ical Loc ation Cloud Type Classification
Num ber Latitude , Lon gitude Large Windows Small Windows

45 7.5N , 57.5W MIx Mix
46 7.5N , 52.5W Mix Mix
47 7.5N , 47.5W Mix Mix
48 7.5N , 42.5W Gb Gb
49 7.5N , 37.5W Cb Cb
50 7.5N , 32.5W Mix Mix
51 7.5N , 27.5W Low Low
52 5N , 125W Low Low
53 5N , 120W Low Low
54 5N , 115W Low Low
55 5N , 11 0W Low Low
56 5N , 105W Low Low
57 5N , 1 00W Low Low
58 SN , 95W Low Low
59 SN , 90W Gb Gb
60 5N , 85W Mix Mix
61 5N , 80W Gb Cb
62 5N , 50W Mix M ix
63 5N , 45W Cb Cb
64 SN , 40W Cb Cb
65 5N , 35W Mix Mix
66 5N , 30W Cb Mix
67 5N , 25W Gb Low
68 2.SN , 122.5W Mix Low
69 2.5N , 117.5W Mix Low
70 2.5N , 112 .5W Low Low
71 2.5N , 107.5W Low Low
72 2.5N , 102.5W Low Low
73 2.5N , 97.5W Low Low
74 2.5N , 92.5W Low Low
75 2.5N , 87.5W Low Low
76 2.SN , 82.5W Low Low
77 2.5N , 47.5W Cb Cb
78 2.5N , 42.5W Cb Cb
79 2.5N , 37 . 5 W  Gb Lo w
80 2.5N , 32.5W Cb Cb
81 2.5N , 27.5W Cb Gb
82 0, 125W MIx Low
83 0, 120W MIx Low
84 0, 115W Mix Ci
85 0, 1 10W Low Low
86 0, 1 05W Low Low
87 0, 100W Low Low
88 0, 95W Low Low
89 0, 90W Low Low
90 0, 85W Low Low
91 0, 45W Cb Cb
92 0, 40W Mix Low
93 0, 35W Low Low
94 0, 30W Cb Low
95 0, 25W Cb Mi x
96 2.5S, 122.5W Mix Mix

Tab le 3 (con t’d)



Sample Geo graphical Location Cloud Type Classification
Number Latitude , Lon gitude Large Windows S m a l l Windows

97 2.5S, 117 .5W Low Low
98 2.5S , 112.5W Low Low
99 2.5S , 107.5W Low Low

100 2.5S , 102.5W Low Low
101 2.5S , 97.5W Low Low
102 2.5S , 92.5W Low Low
103 2.5S , 87.5W Low Low
104 2.5S , 82.5W Low Low
105 2.5S , 37.5W Cb Gb
106 2.5S , 32.5W Mix Mix
107 2.5S , 27.5W Low Low

Ta ble 3 (cont’d )
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A P P E N D I X

CONFUSION MATRICES

Low M i x C i Cb

Low 29 0 0 0

Mix 0 25 1 3

Ci 0 1 6 1

Cb 0 8 0 7

Ta ble 4. Experiment 1.

Low M i x C i Cb

Low 29 0 0 0

Mix 0 24 2 3

Ci 0 1 6 1

Cb 0 6 1 8

Ta ble 4. Experiment 2.

Low M i x C i Cb

Low 28 1 0 0

Mix 0 28 0 1

Ci 0 0 7 1

Cb 0 6 0 9

Table 4. Exper Ime nt 3.



Low Mix Ci Cb

Low 29 0 0 0

Mix 0 25 2 2

Ci 0 2 0 6

Cb 0 9 0 6

Table 4. Experiment 4.

Low M i x C i Cb

Low 27 2 0 0

Mix 2 25 1 1

Ci 0 0 7 1

Cb 0 7 0 8

Table 4. Experiment 5.

Low M i x C i Cb

Low 29 0 0 0

Mix 0 25 ‘I 3

Ci 0 0 8 0

Cb 0 8 0 7

Ta ble 4. Experiment 6.



Low Mix Ci Cb

Low 29 0 0 0

Mix 0 26 1 2

Ci 0 0 8 0

Cb 0 6 0 9

Table 4. Ex per imen t 7.

Low Mix Ci Cb

Low 29 0 0 0

Mix 0 25 1 3

Ci 0 0 8 0

Cb 0 5 0 10

Table 4. Experiment 8.

Low M i x C i Cb

Low 29 0 0 0

Mix 0 25 1 3

Cl 0 0 8 0

Cb 0 8 0 7

Table 4. Exper i men t 9.



_

Low C i Cb

Low 29 0 0

Cl 0 6 2

Cb 0 3 12

Table 4. Experiment 10.

Low Ci Cb

Low 29 0 0

Ci 0 6 2

Cb 0 1 14

Tabl e 4. Ex per i men t 11 .

Low C i Cb

Low 29 0 0

Ci 0 6 2

Cb 0 0 15

Table 4. Experiment 12.

Low C i Cb

Low 28 1 0

Cl ‘I 5 2

Cb 0 1 14

Table 4. ExperIment 13.



Low CI Cb

Low 29 0 0

Cl 1 5 2

Cb 0 3 12

Table 4. ExperImen t 14.

Low Ci Cb

Low 29 0 0

CI 0 6 2

Cb 0 2 13

Table 4. ExperIment 15.

Low CI Cb

Low 29 0 0

CI 0 6 2

Cb 0 0 15

• Table 4. ExperIment 16.

I - 

_ _  

_ _

~



0

Low Mix Cl Cb

Low 50 5 0 0

Mix 2 21 3 0

CI 0 0 2 0

Cb 0 12 0 12

Tab le 5. ExperIment 1.

Low M i x  Cl  Cb

Low 48 7 0 0

M i x  1 24 0 1

Ci 0 0 2 0

Cb 0 11 0 13

Table 5. Expe riment 2.

Low MI x CI Cb

Low 48 7 0 0

Mix 0 21 2 3

CI 0 0 2 0

Cb 0 12 0 12

Table ExperIment 3.



Low Cl Cb

Low 53 0 2

CI 0 2 0

Cb 0 1 23
/

Table 5. Experiment 4.

I



Low Mix CI Cb

Low 28 1 0 0

N i x 0 26 1 2

Cl 0 4 4 0

Cb 0 8 1 6

Table 6. Experiment 1.

Low Mix Cl Cb

Low 48 7 0 0

Mix 1 24 0 1

Cl 0 2 0 0

Cb 0 15 0 9

Table 6. Experiment 2.

Low Mix Cl Cb

Low 37 7 0 0

Mix 0 28 0 2

CI 0 0 0 0

Cb 0 28 0 5

Table 6. Experiment 3.

_ _ _ _ _ _



V

Low Mix Ci C b

• Low 29 0 0 0

Mix 0 26 0 3

Ci 0 0 8 0

Cb 0 7 0 8

Ta ble 6. ExperIment 4.

Low Mix CI C b

Low 47 8 0 0

Mix 0 25 0 1

Cl 0 0 2 0

Cb 0 15 0 9

Ta ble 6. Experimen t 5.

Low Mix Ci Cb

Low 33 11 0 0

Mix 0 30 0 0

Cl 0 0 0 0

Cb 0 26 0 7

Table 6. ExperIment 6.
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